Recently there are increasing concerns about the fairness of Artificial Intelligence (AI) in real-world applications such as computer vision and recommendations. For example, recognition algorithms in computer vision are unfair to black people such as poorly detecting their faces and inappropriately identifying them as "gorillas". As one crucial application of AI, dialogue systems have been extensively applied in our society. They are usually built with real human conversational data; thus they could inherit some fairness issues which are held in the real world. However, the fairness of dialogue systems has not been investigated. In this paper, we perform the initial study about the fairness issues in dialogue systems. In particular, we construct the first dataset and propose quantitative measures to understand fairness in dialogue models. Our studies demonstrate that popular dialogue models show significant prejudice towards different genders and races. We will release the dataset and the measurement code later to foster the fairness research in dialogue systems.
Introduction
AI techniques have brought great conveniences to our lives. However, they have been proven to be unfair in many real-world applications such as computer vision [1] , audio processing [2] and recommendations [3] . In other words, AI techniques may make decisions that are skewed towards certain groups of people in these applications [4] . In the field of computer vision, some face recognition algorithms fail to detect faces of black users [5] or inappropriately label black people as "gorillas" [1] . In the field of audio processing, it is found that voice-dictation systems recognize a voice from a male more accurately than that from a female [2] . Moreover, when predicting criminal recidivism, risk assessment tools tend to predict that people of some certain races are more likely to commit Also this reminds me: my live karaoke cover band cure-aoke is still the best idea I've ever had
Not offensive
Oh my god, for real, what is with dis music during the downtime.
The only good future song is percocet and stripper joint. I have no idea why that one is good but the rest are hot wet poo.
Offensive a crime again than other people [6] . The fairness of AI systems has become one of the biggest concerns due to its huge negative social impacts.
Dialogue systems are important practical applications of Artificial Intelligence (AI). They interact with users by human-like conversations to satisfy various their needs. Conversational question answering agents converse with users to provide them with the information they want to find [7] . Taskoriented dialogue agents, such as Apple Siri and Microsoft Cortana, assist users to complete specific tasks such as trip planning and restaurant reservations [8] . Non-task-oriented dialogue agents, also known as chatbots, are designed to chit-chat with users in open domains for entertainment [9] . Dialogue systems have shown great commercial values in industry and have attracted increasing attention in the academic field [10, 11] . Though dialogue systems have been widely deployed in our daily lives, the fairness issues of dialogue systems have not been specially studied yet.
Dialogue systems are often built based on real human conversational data through machine learning especially deep learning techniques [12, 13, 14] . Thus, they are likely to inherit some fairness issues against specific groups which are held in the real world such as gender and racial biases. Examples of gender and racial biases we observed from one popular dialog model are demonstrated in Table 1 . When we simply change a word of male in a given context to its counterpart of female such as from "he" to "she" and from "his" to "her", the sentiments of the corresponding responses are changed from positive to negative. As we replace a phrase in standard English to African American English such as from "this" to "dis", the response becomes more offensive. Since the goal of dialogue systems is to talk with users and provide them with assistance and entertainment, if the systems show discriminatory behaviors in the interactions, the user experience will be adversely affected. Moreover, public commercial chatbots can get resisted for their improper speech [15] . Hence, there is an urgent demand to investigate the fairness issues of dialog systems.
In this work, we conduct the initial study about the fairness issues in two popular dialogue models, i.e., a generative dialogue model [16] and a retrieval dialogue model [17] . In particular, we aim to answer two research questions -(1) do fairness issues exist in dialogue models? and (2) how to quantitatively measure the fairness? Our key contributions are summarized as follows:
• We construct the first dataset to study gender and racial biases in dialogue models and we will release it to foster the fairness research;
• We define the fairness in dialogue systems formally and introduce a set of measurements to understand the fairness of a dialogue system quantitatively; and
• We demonstrate that there exist significant gender-and race-specific biases in dialogue systems.
The rest of the paper is organized as follows. In Section 2, we present the details about our approach to construct the dataset for the fairness research and measurements to understand the fairness of dialogue models. Then, Section 3 carries out the results of experiments with discussions. Next, we present related works in Section 4. Finally, Section 5 concludes the work with possible future research directions. 
Fairness Analysis in Dialogue Systems
In this section, we first formally define fairness in dialogue systems. Then we introduce our method to construct the dataset to investigate fairness and then detail various measurements to quantitatively evaluate the fairness in dialogue systems.
Fairness in Dialogue systems
As shown in the examples in Table 1 , the fairness issues in dialogue systems exist between different pairs of groups, such as male vs. female, white people vs. black people, and can be measured differently such as sentiment and politeness. Note that in this work we use "white people" to represent races who use standard English compared to "black people" who use African American English.
Next we propose a general definition of fairness in dialogue systems.
Definition 1 Suppose we are examining the fairness on a group pair G = (A, B). Given a context
is called the parallel context of context C (A) . The pair of the two context (C (A) , C (B) ) is referred as a parallel context pair.
Following the fairness definition proposed in [18] , we define the fairness in dialogue systems as follows:
Definition 2 Suppose D is a dialogue model that can be viewed as a function {D : C → R} which maps a context C to a response R.
is a parallel context corpus related to group pair G = (A, B). M is a measurement that maps a response R to a scalar score s. We define the fairness in the dialogue model D on the parallel context corpus O G in terms of the measurement M as:
then the dialogue model D is considered to be fair for groups A and B on corpus O G in terms of the measurement M where ǫ is a threshold to control the significance.
Parallel Context Data Construction
To study the fairness of a dialogue model on a specific pair of group G, we need to build data O G which contains a great number of parallel contexts pairs. We first collect a list of gender word pairs for the (male, female) groups and a list of race word pairs for the (white, black) groups. The gender word list consists of male-related words with their counterparts of female. The race word list consists of common African American English words or phrases paired with their counterparts in standard English. Some examples are shown in Table 2 . For the full lists, please refer to the Appendix A. Afterwards, for each word list, we first filter out a certain number of contexts which contain at least one word or phrase in the list from a large dialogue corpus. Then, we construct the parallel contexts by replacing these words or phrases with their counterparts. All the obtained parallel context pairs form the data to study the fairness of dialogue systems. 
Fairness Measurements
In this work, we evaluate the fairness in dialogue systems in terms of four measurements, i.e., diversity, politeness, sentiment and attribute words.
Diversity
Diversity of responses is an important measurement to evaluate the quality of a dialogue system [10] . Dull and generic responses make users boring while diverse responses make a conversation more human-like and engaging. Hence, if a dialogue model produces differently diverse responses for different groups, user experience of a part of users will be impacted. We measure the diversity of responses through the distinct metric [19] . Specifically, let distinct-1 and distinct-2 denote the number of distinct unigrams and bigrams divided by the total number of generated words in the responses. We report the diversity score as the average of distinct-1 and distinct-2.
Politeness
Chatbots should talk politely with human users. Offensive responses cause users discomfort and should be avoided [20, 21, 22] . Fairness in terms of politeness exist when a dialogue model is more likely to provide offensive responses for a certain group of people than others. In this measurement, we apply an offensive language detection model [21] to predict whether a response is offensive or not. This model is specialized to judge offensive language in dialogues. The politeness measurement is defined as the expected probability of a response to the context of a certain group being offensive. It is estimated by the ratio of the number of offensive responses over the total number of produced responses.
Sentiment
The sentiment of a piece of text refers to the subjective feelings it expresses, which can be positive, negative and neutral. A fair dialogue model should provide responses with the similar sentiment distribution for people of different groups. In this measurement, we assess the fairness in terms of sentiment in dialogue systems. We use the public sentiment analysis tool Vader [23] to predict the sentiment of a given response. It outputs a normalized, weighted composite score of sentiment ranging from −1 to 1. Since the responses are very short, the sentiment analysis for short texts could be inaccurate. To ensure the accuracy of this measure, we only consider the responses with scores higher than 0.8 as positive and the ones with the scores lower than −0.8 as negative. The sentiment measures are the expected probabilities of a response to the context of a certain group being positive and negative. The measurements are estimated by the ratio of the number of responses with positive and negative sentiments over the total number of all produced responses, respectively.
Attribute Words
People usually have stereotypes about some groups and think that they are more associated with certain words. For example, people tend to associate males with words related to career and females with words related to family [24] . We call these words as attributes words. Here we measure this kind of fairness in dialogue systems by comparing the probability of attribute words appearing in the responses to contexts of different groups. We build a list of career words and a list of family words to measure the fairness on the (male, female) group. For the (white, black) groups, we construct a list of pleasant words and a list of unpleasant words. Table 3 shows some examples of the attribute words and the full lists can be found in Appendix A. In the measurement, we report the expected number of the attribute words appearing in one response to the context of different groups. This measurement is estimated by the average number of the attribute words appearing in all the produced responses.
Experiment
In this section, we first introduce the two popular dialogue models we study, then detail the experimental settings and finally we present the fairness results with discussions.
Dialogue Models
Typical chit-chat dialogue models can be categorized into two classes [10] : generative models and retrieval models. Given a context, the former generates a response word by word from scratch while the latter retrieves a candidate from a fixed repository as the response according to some matching patterns. In this work, we investigate the fairness in two representative models in the two categories, i.e., the Seq2Seq generative model [16] and the Transformer retrieval model [17] .
The Seq2Seq Generative Model
The Seq2Seq models are popular in the task of sequence generation [16] , from text summarization, machine translation to dialogue generation. It consists of an encoder and a decoder, both of which are typically implemented by RNNs. The encoder reads a context word by word and encodes it as fixed-dimensional context vectors. The decoder then takes the context vector as input and generates its corresponding output response. The model is trained by optimizing the cross-entropy loss with the words in the ground truth response as the positive labels. The implementation details in the experiment are as follows. Both the encoder and the decoder are implemented by 3-layer LSTM networks with hidden states of size 1,024. The last hidden state of the encoder is fed into the decoder to initialize the hidden state of the decoder. Pre-trained Glove word vectors [25] are used as the word embeddings with dimension 300. The model is trained through stochastic gradient descent (SGD) with a learning rate of 1.0 on 2.5 million Twitter single-turn dialogues. In the training process, the dropout rate and gradient clipping value are set to 0.1. 
The Transformer Retrieval Model
The Transformer proposed in [17] is a novel encoder-decoder framework, which models sequences by pure attention mechanism instead of RNNs. Specially, in the encoder part, positional encodings are first added to the input embeddings to indicate the position of each word in the sequence. Next the input embeddings pass through stacked encoder layers, where each layer contains a multi-head self-attention mechanism and a position-wise fully connected feed-forward network. The retrieval dialogue model only takes advantage of the encoder to encode the input contexts and candidate responses. Then, the model retrieves the candidate response whose encoding matches the encoding of the context best as the output. The model is trained in batches of instances, by optimizing the crossentropy loss with the ground truth response as positive label and the other responses in the batch as negative labels. The implementation of the model is detailed as follows. In the Transformer encoder, we adopt 2 encoder layers. The number of heads of attention is set to 2. The word embeddings are randomly initialized and the size is set to 300. The hidden size of the feed-forward network is set as 300. The model is trained through Adamax optimizer with a learning rate of 0.0001 on 2.5 million Twitter single-turn dialogues. In the training process, dropout mechanism is not used. Gradient clipping value is set to 0.1. The candidate response repository is built by randomly choosing 500,000 utterances from the training set.
Experimental Settings
In the experiment, we focus only on single-turn dialogues for simplicity. We use a public conversation dataset 1 that contains around 2.5 million single-turn conversations collected from Twitter to train the two dialogue models. The models are trained under the ParlAI framework [26] . To build the data to evaluate fairness, we use another Twitter dataset which consists of around 2.4 million single-turn dialogues. For each dialogue model, we construct a dataset that contains 300,000 parallel context pairs as describe in Section 2.2. When evaluating the diversity, politeness and sentiment measurements, we first remove the repetitive punctuation from the produced responses since they interfere with the performance of the sentiment classification and offense detection models. When evaluating with the attribute words, we lemmatize the words in the responses through WordNet lemmatizer in NLTK toolkit [27] before matching them with the attribute words.
Experimental Results
We first present the results of fairness in terms of gender in Tables 4 and 5 . We feed 300,000 parallel context pairs in the data of (male, female) group pair into the dialogue models and evaluate the produced responses with the four measurements. We make the following observations from the tables:
• For the diversity measurement, the retrieval model produces more diverse responses than the generative model. This is consistent with the fact that Seq2Seq generative model tends to produce dull and generic responses [19] . But the responses of the Transformer retrieval model are more diverse since all of them are human-made ones collected in the repository. We observe that both of the two models produce more diverse responses for males than females, which demonstrates that it is unfair in terms of diversity in dialogue systems. • In terms of the politeness measurement, we can see that females receive more offensive responses from both of the two dialogue models. The results show that dialogue systems talk to females more unfriendly than males. • As for sentiment, results show that females receive more negative responses and less positive responses. • For the attribute words, there are more career words appearing in the responses for males and more family words existing in the responses for females. This is consistent with people's stereotype that males dominate the field of career while females are more familyminded.
Then we show the results of fairness in terms of race in Tables 6 and 7 . Similarly, 300,000 parallel context pairs of (white, black) are input into the dialogue models. From the tables, it can be observed:
• The first observation is that black people receive less diverse responses from the two dialogue models. It demonstrates that it is unfair in terms of diversity for races. • Dialogue models tend to produce more offensive languages for black people.
• In terms of the sentiment measurements, the black people get more negative responses but less positive responses. • As for the attribute words, unpleasant words are referred more frequently for black people, while white people are associated more with pleasant words.
As a conclusion, the dialogue models trained on real-world conversation data indeed share similar unfairness as that in the real-world in terms of gender and race. Given that dialogue systems have been widely applied in our society, it is strongly desired to handle the fairness issues in dialogue systems.
Related Work
Existing works attempt to address the issue of fairness in various Machine Learning (ML) tasks such as classification [28, 29] , regression [30] , graph embedding [31] and clustering [32, 33] . Besides, we will briefly introduce related works which study fairness issues on NLP tasks.
Word Embedding. Word Embeddings often exhibit stereotypical human bias for text data, causing serious risk of perpetuating problematic biases in imperative societal contexts. Popular state-of-theart word embeddings regularly mapped men to working roles and women to traditional gender roles [34] , thus led to methods for the impartiality of embeddings for gender-neutral words. In [34] , a 2-step method is proposed to debias word embeddings. In (author?) [35] , it is proposed to modify Glove embeddings by saving gender information in some dimensions of the word embeddings while keeping the other dimensions unrelated to gender.
Sentence Embedding. Several works attempted to extend the research in detecting biases in word embeddings to that of sentence embedding by generalizing bias-measuring techniques. In [36] , their Sentence Encoder Association Test (SEAT) based on Word Embedding Association Test (WEAT [24] ) is introduced in the context of sentence encoders. The test is conducted on various sentence encoding techniques, such as CBoW, GPT, ELMo, and BERT, concluding that there was varying evidence of human-like bias in sentence encoders. However, BERT, a more recent model, is more immune to biases.
Coreference Resolution. The work [37] introduces a benchmark called WinoBias to measure the gender bias in coreference resolution. To eliminate the biases, a data-augmentation technique is proposed in combination with using word2vec debiasing techniques.
Language Modeling. In [38] a measurement is introduced for measuring gender bias in a text generated from a language model that is trained on a text corpus along with measuring the bias in the training text itself. A regularization loss term was also introduced aiming to minimize the projection of embeddings trained by the encoder onto the embedding of the gender subspace following the soft debiasing technique introduced in [34] . Finally, concluded by stating that in order to reduce bias, there is a compromise on perplexity based on the evaluation of the effectiveness of their method on reducing gender bias.
Machine Translation. In [39] , it is shown that Google's translate system can suffer from gender bias by making sentences taken from the U.S. Bureau of Labor Statistics into a dozen languages that are gender-neutral, including Yoruba, Hungarian, and Chinese, translating them into English, and showing that Google Translate shows favoritism toward males for stereotypical fields such as STEM jobs. In the work [38] , the authors use existing debiasing methods in word embedding to remove the bias in machine translation models. These methods do not only help them to mitigate the existing bias in their system, but also boost the performance of their system by one BLEU score.
Conclusion
In this paper, we have investigated the fairness issues in dialogue systems. In particular, we define the fairness in dialogue systems formally and further introduce four measurements to evaluate the fairness of a dialogue system quantitatively, including diversity, politeness, sentiment and attribute words. Moreover, we construct data to study gender and racial biases for dialogue systems. At last, we conduct detailed experiments on two types of dialogue models (i.e., a Seq2Seq generative model and a Transformer retrieval model) to analyze the fairness issues in the dialogue systems. The results show that there exist significant gender-and race-specific biases in dialogue systems.
Given that dialogue systems are widely deployed in various commercial scenarios, it's urgent for us to resolve the fairness issues in dialogue systems. In the future, we will continue this line of research and focus on developing debiasing methods for building fair dialogue systems. 
